Usually in Ecology, the availability and quality of the data is not as good as we would like. For some species, the typical environmental study focuses on presence/absence data, and particularly with small animals as amphibians and reptiles, the number of presences can be rather small. The aim of this study is to develop a spatial model for studying animal data with a low level of presences; we specify a Gaussian Markov Random Field for modelling the spatial component and evaluate the inclusion of environmental covariates. To assess the model suitability, we use Watanabe-Akaike information criteria (WAIC) and the conditional predictive ordinate (CPO). We apply this framework to model each species of amphibian and reptiles present in the Las Tablas de Daimiel National Park (Spain).
Introduction
Species distribution models (SDM) commonly used in ecology consist of numerical tools that combine observations of species occurrence or abundance with environmental covariates. They are used to gain ecological and example of evolutionary insight from SDM and to predict distributions across landscapes, sometimes requiring extrapolation in space and time (Elith and Leathwick 2009) . In SDM, the following steps are usually taken: (1) locations of occurrence of a species (or other phenomenon) are compiled; (2) values of environmental predictor variables (such as climate) at these locations are extracted from spatial databases; (3) the environmental values are used to fit a model to estimate similarity to the sites of occurrence, or another measure such as abundance of the species; (4) the model is used to predict the variable of interest across the study region (and perhaps for a future or past climate) (Hijmans and Elith 2015) .
Currently, the statistical understanding of applied scientists is increasing and new techniques can cope with larger, more complex data sets, so applied statisticians are faced with the need to specify sophisticated models. Logically, as the complexity of these models increase, it becomes harder to perform inference. The Bayesian approach is particularly appropriate as it is flexible and can deal with complex models, for instance including hierarchical structure or including missing data. Undoubtedly, the most popular family of approximate inference methods in Bayesian statistics is the class of Markov Chain Monte Carlo (MCMC) methods. These methods, which exploded into popularity in the mid-1980s have remained at the forefront of Bayesian statistics ever since, with the basic framework being extended to cope with increasingly more complex problems (Simpson et al. 2011) .
Modelling patterns of the presence/absence of the species using local environmental factors have been a growing problem in Ecology in the last few years (Chakraborty et al. 2010 ). This kind of modelling has been extensively used to address several issues, including the identification of essential fauna habitats in order to classify and manage conservation areas (Pressey et al. 2007) , and predicting the response of species to environmental features (Midgley and Thuiller 2007; Loarie et al. 2008) . Different approaches and methodologies have been proposed in this perspective (see for instance Guisan and Thuiller 2005; Hijman and Graham 2006; Wisz et al. 2008) , with Maximum Entropy modelling (MaxEnt) (Elith and Burgman 2002) , more flexible models as generalised linear and additive ones (GLM and GAM) (Guisan et al. 2002) , species envelope models such as BIOCLIM (Busby 1991) and the multivariate adaptive regression splines (MARS) (Leathwick et al. 2005 ) being some of the most commonly used (Muñoz et al. 2013) .
Several projects have focused on comparing these different methods (see for instance Rivera and López-Quílez 2017) ; also a summary this comparison has been developed recently by Lecours 2017 . Most of these applications consist of explanatory models that seek to assess the relationship between environmental variables (e.g. precipitation, bathymetry, etc.) (Guisan et al. 2002) . Moreover, the theory of these methods is based on the fact that the observations are independent, while spatial autocorrelation is common in georeferenced ecological data (Crase et al. 2012) . Spatial autocorrelation should be taken into account in the species distribution models, even if the data were collected through a standardised sampling scheme, since the observations are often close and subject to similar environmental features (Underwood 1981; Hurlbert 1984) . In addition observer error Cressie et al. 2009 ), gaps in the sampling, missing data, and spatial mobility of the species (Gelfand et al. 2006) can also affect the models.
The value of both reptiles and amphibians has been recognised as an integral part of natural ecosystems and as heralds of environmental quality (Gibbons and Stangel 1999) . In recent years, as overall environmental awareness among the public has increased, concerns have raised on the ecological state of reptile and amphibian species as well as of their habitats (Gibbons et al. 2000) . Habitats of many amphibians populations are small, temporary ponds and the surrounding forested area, which are usually affected by many stressors such as UV-radiation (Cummins 2003; Hatch and Blaustein 2003) , the use of pesticides (Gendron et al. 2006; Fellers et al. 2004), industrial chemicals (Bishop and Gendron 1998; Sower et al. 2000) and climate change (Corn 2005) . Since amphibians are sensitive to the alterations of their environment, they could be used as bioindicator organisms to follow changes in their habitats and in ecotoxicological studies (Henry 2000) . As their population usually contains high numbers of individuals and they are good representatives of freshwater environments, they are ideal model organisms for pollution studies (Burger and Snodgrass 1998) . Gibbons et al. (2000) , consider the vulnerability of reptiles within the context of the factors known or suspected to be associated with amphibian declines, using six categories of concern established by Partners in Amphibian and Reptile Conservation (PARC; Gibbons and Stangel 1999) : habitat loss and degradation, introduced invasive species, environmental pollution, disease and parasitism, unsustainable use and global climate change.
The aim of this paper is to build a spatial model to predict the spatial distribution of several species characterised by a low level of presences, which leads to data sparsity. We will use real data on five species of amphibians obtained from inventories developed in Las Tablas de Daimiel National Park (TDNP-Spain) in 2011-2012 supported with environmental variables. On these species, we have presence/ absence at geographical coordinates and we will generate distribution models for each species as well as combine these into the corresponding the class (Amphibia). Our approach is to specify a Bayesian hierarchical geostatistical modelling framework accounting for spatial dependency.
Hierarchical models can simplify complex interactions by allowing parameters to vary at more than one level via the introduction of random effects. The expected value of the response is then expressed conditional on these random effects (Cosandey-Godin et al. 2015) . The advantages of using hierarchical Bayesian models emerge more so as complexity increases, when, for example, spatio-temporal variability needs to be modelled explicitly (Cressie et al. 2009 ). The Bayesian framework also offers the advantage of providing full inference, such that model parameters and uncertainty can be quantified, which has great utility in applied conservation (Wade 2000; Wintle et al. 2003) .
Several authors have used a Bayesian approach to analyse species distribution. For instance Golding and Purse 2016, compared Gaussian processes against more traditional techniques obtaining better performance, while Gelfand et al. 2006, tried Mackenzie et al. 2002 , focused on understanding site occupancy of some amphibians species when detection probabilities are below 1, again in a Bayesian approach.
Hierarchical Bayesian models have traditionally relied on MCMC simulation techniques, which are computationally expensive and technically challenging, consequently limiting their use. However, a new statistical approach is now readily available, namely integrated nested Laplace approximations (INLA) via the R-INLA package (http://www.r-inla.org) (Cosandey-Godin et al. 2015) . INLA methodology and its powerful application to modelling complex datasets has recently been introduced to a wider non-technical audience (Illian et al. 2013) . As opposed to MCMC simulations, INLA uses an approximation for inference and hence avoids the intense computational demands, convergence, and mixing problems sometimes encountered by MCMC algorithms (Rue and Martino 2007) . It can only be used for Gaussian models but this includes the class of models which we consider here for species distribution. Moreover, R-INLA can be compiled with the stochastic partial differential equations (SPDE) approach ) which through a discretisation of a continuous Gaussian field can cope efficiently with variables characterised by a complex spatial structure. This is the case of this environmental inventory, since environmentalists or field workers start the inventory to target particular species, resulting in clustered spatial patterns and large regions without any values. Together, these new statistical methods and their implementation in R (R Core Team 2016) allow scientists to fit complex spatio-temporal models considerably faster and more reliably (Rue et al. 2009 ).
The structure of the paper is as follows. In Section 2, we introduce our motivating problem regarding spatial distribution for amphibian species in Las Tablas de Daimiel National Park (TDNP) (Ciudad Real, Spain). Then, after discussing the available data, we describe the geostatistical spatial model. In Section 3, we explain the model evaluation and the comparison. In Section 4, we present the results of the analysis of the spatial distributions and show how the environmental variables could affect the presence of the species. Finally, in Section 5, we resume the conclusions of this work.
Motivating example
The data set come from an inventory developed in Las Tablas de Daimiel National Park (TDNP) during 2011 and 2012, comprising 234 sample points with coordinates. Each sample point has the presence or absence of each species, elevation in meters and information about the ambient (categorical variable with the following categories: Salt marsh, Reed bed, Islands, areas of Typha latifolia, Cladium mariscus and free of vegetation).
The following species are included: Bufo bufo, Bufo calamita, Pelobates cultripes, Pelodytes punctatus and Triturus pygmaeus (see Table 1 ). As the aim of this analysis is not to study the distribution of each species, we are not going to explain the biology or characteristics of each species.
The Tablas de Daimiel National Park is a floodplain wetland located in the Upper Guadiana Basin, central Spain (see Fig. 1 ). The landscape of Las Tablas de Daimiel is characterised by the horizontality of the terrain, with a range of altitude between the 599 m above sea level in the confluence of the rivers Guadiana and Cigüela, and the 623 m above sea level in the Pochela hill.
The Guadiana River is one of the three main drainage units of the Iberian Peninsula, having its source in central Spain before flowing into Portugal and then, in its lower reaches, acting as a natural border between the two countries. The TDNP is one of the core areas of the Mancha Húmeda, declared a Biosphere Reserve in 1980 by UNESCO. The wetland is the result of the mixture of inputs from Cigüela and Guadiana rivers, together with groundwater discharge from the West Mancha aquifer. The peripheral surface of the wetland is 1928 ha, but at present, the potentially flooded area is 1587 ha (Sánchez-Carrillo et al. 2010) . The climate of the Upper Guadiana Basin is semiarid, with an average temperature of 14. 1°C (1955-2009 ) and an average precipitation of 448 mm (Yustres et al. 2013 ). The spatiotemporal distribution of rain is irregular (Acreman et al. 2000) , and the high temperature values in the summer cause the potential evapotranspiration to be notably high. Subject to this semiarid climate regime, the water balance is particularly fragile in the river basin, with water shortage considered a structural characteristic of the system (Cots et al. 2007 ).
Currently, the TDNP suffers a reduction in water inputs mainly because the groundwater discharge to the wetland is decreasing, since the aquifer has been suffering intensive groundwater overexploitation since the late 1970s (Navarro et al. 2011) .
The water quality has been also affected, since one of its peculiarities is the variety of hydrochemical and hydrological processes, i.e. the two main sources of water and salts and at the same time TDNP is an area where saline sulfate-rich surface waters flowing from the Cigüela River mix with calcium carbonate freshwater coming from groundwater (Coronado et al. 1974; Sánchez-Ramos et al. 2015) .
We can see in Fig. 2 the distribution of the ambients in our data set, summarised as follows: Salt marsh (2% of the samples), Reed bed (31%), Islands (17%), areas of Typha latifolia (34%), Cladium mariscus (4%) and free of vegetation (13%). Bufo bufo 0% 0% 0% 100% 0% 0% 3%
Species distribution model
Bufo calamita 5% 5% 48% 19% 0% 24% 54% Pelobates cultripes 0% 0% 0% 100% 0% 0% 3%
Pelodytes punctatus 0% 21% 14% 50% 0% 14% 36%
Triturus pygmaeus 0% 0% 0% 50% 0% 50% 5% Amphibia 3% 10% 31% 36% 0% 21% 100% observations y = {y(s 1 ), ..., y(s n )}, where the set (s 1 , ..., s n ) indicates the spatial units at which the measurements are taken. Depending on D being a continuous surface or a countable collection of d-dimensional spatial units, the problem can be specified as a spatially continuous or discrete random process, respectively ).
In our case, we can consider a collection of data points with presence/absence obtained from the inventory; the sampled points are the set (s 1 , ..., s n ) of n points; y s is the presence of each specie in each point and it is specified as
where π s is the probability of the species being present. Then, on the logit(π s ), a linear model is specified including covariates x 1 (elevation), x 2 (ambient) and a spatial field ξ s
where a discretely indexed spatial random process (see Lindgren et al. 2011 ) is included to approximate the continuous process:
In practice, the discretisation is done dividing the study region in triangles and writing ξ s as a linear combination of basic functions φ g weighted by some zero mean terms e ξ g (for more details see Blangiardo and Cameletti 2015) .
Implementation, inference and evaluation
The statistical inference has been carried out through the integrated nested Laplace approximation (INLA) implemented in the R-INLA within R statistical software. In R-INLA, the first step required to run the geostatistical spatial model through SPDE is the triangulation of the considered spatial domain. We use the inla.mesh.create specifying the spatial coordinates used for estimation. This function performs a constrained refined Delaunay triangulation for a set of spatial locations: firstly the triangle vertices are placed at the observation locations and then further vertices are added in order to satisfy triangulation quality constraints .
A natural way to estimate out-of-sample prediction error is cross-validation (see Geisser and Eddy 1979, and Vehtari and Lampinen 2002 , for a Bayesian perspective), but researchers (Gelman and Shalizi 2013) . In a comparative perspective (e.g. to evaluate which model fits the data best), the most used index is the DIC (Spiegelhalter et al. 2002; van der Linde 2005) which similarly to AIC consists of two components, a term that measures goodness of fit and a penalty term for increasing model complexity.
More recently, the WAIC (Watanabe 2010) has been proposed as a suitable alternative for estimating the out-of-sample expectation in a fully Bayesian approach. This approach starts with the computed log pointwise posterior predictive density and then adds a correction for the effective number of parameters to adjust for overfitting (Gelman and Shalizi 2013). WAIC operates on predictive probability density of observed variables rather than on model parameter; hence, it can be applied in singular statistical models (i.e. models with nonidentifiable parameterization, see Li et al. 2015) .
We have also calculated the conditional predictive ordinate (CPO) (Pettit 1990) to evaluate model assessment. The conditional predictive ordinate (CPO) is based on leave-one-outcross-validation. CPO estimates the probability of observing a value after having already observed the others. The mean logarithmic score (LCPO) was calculated as a measure of the predictive quality of the model (Gneiting and Raftery 2007; Roos and Held 2011) . High LCPO values suggest possible outliers, high-leverage and influential observations. Finally, we have used an AUC (Area Under operating Curve score) approach to calculate the predictive accuracy of each method by comparing the validation data with the predicted presence value. AUC represents a commonly used and adequately performing measure of predictive accuracy (Huang and Ling 2005) and works by calculating the relative numbers of correctly and incorrectly identified predictions across all possible classification threshold values of the binomial response, with an AUC value equal to or below 0.5 indicating a predictive ability equal to random expectation and 1 a perfect predictive ability (Qiao et al. 2015) . Table 2 presents the main results of the analyses for the Amphibia, characterised by more data sparsity (a fewer presences). As we can see, the first model obtained using only the elevation has a better fit (WAIC = 21.17/LCPO = 1.759/ AUC = 0.762) than the model with elevation and ambient (WAIC = 24.53/LCPO = 1.898/AUC = 0.735). However, based on LCPO, the model without ambient has fewer outliers. Also, we have compared performance of the different models based in AUC, these analysis shows similar results than LCPO, obtaining better values in models without ambient.
Results
In Table 3 , we can see the summary of the WAIC, LCPO and AUC values obtained in the different models for each species (model E with only Elevation and model E&A with Elevation and Ambient); this shows that, looking at the WAIC, most of the species have a better fit for the model with vegetation (except Bufo bufo and Pelobates cultripes), but looking at LCPO values Ambient seems to increase the number of outliers.. Also, looking at AUC values, models with ambient have lower predictability.
From an ecological perspective, amphibian as group (Table  2) does not have any preference between the different ambients analysed, with small negative point estimates, but with a credibility intervals including zero. Analysing the different species (Table 4) , we can summarise as follows: Bufo calamita has all the variables have point estimates positives and excluding zero except areas with Cladium mariscus where the point estimate includes zero; Pelodytes punctatus and Triturus pygmaeus have a different relationship with the variables, with all the point estimates including zero; however, Bufo bufo has predictability for areas with Reed bed as is the only variable with point estimate positive and the zero is not included; finally, Pelobates cultripes has better relationship with Reed bed, Islands and Free of vegetation areas.
In Fig. 3 , we can see the maps of posterior mean for class Amphibia of models developed based on the covariates used. In both cases, we can see that the distribution are complementary: due to the nature of amphibians and reptiles, there are no points with both classes present at the same time. On the bottom, the map shows the distribution of the model with Fig. 3 Maps of posterior mean for the models with only Elevation as covariate (top); Elevation and Ambient (bottom) elevation and ambient. As we can see, the maps obtained with elevation and with elevation and ambient are very similar. Also, the model with only elevation as covariate has more details than the model with Ambient.
Conclusions
Hierarchical models are commonly used in ecology (Clark 2005; Cressie et al. 2009 ). The hierarchical modelling framework has been useful when implementing process models that include ecological theory or when modelling the data collection process (Hooten and Wikle 2008; Hooten et al. 2007 , Wikle 2003 . The hierarchical modelling framework has also been useful and commonly implemented for count and presence/absence data (MacKenzie et al. 2006; Royle and Dorazio 2008 ), but has not been readily used for presenceonly data (Dorazio 2014; Fithian et al. 2015) . However, we can affirm that absences are giving important information to define species distribution. Also, the hierarchical species distribution modelling approach can be readily extended to include multiple species, as we have done with amphibians, and possibly interacting species (Hui 2016; Ovaskainen and Soininen 2011; Warton et al. 2015) . The spatio-temporal Poisson point process model is currently used for the analysis of species movement data captured using telemetry devices (Brost et al. 2015; Johnson et al. 2013; Russell et al. 2016 ). Data models developed for telemetry data will have a similar use for species distribution models (Brost et al. 2015) . The methodology used to account for repeated measurements (i.e., locations) of the same individual(s) developed for telemetry data will have analogous use for species distribution models that are used to model count, presence-absence, and presence-only data that includes multiple observations of the same individuals (Hefley and Hooten 2016) .
In this work, we have specified a Bayesian spatial model for studying species distribution. We have evaluated the inclusion of two variables (elevation and ambient).
The main advantage of the Bayesian model formulation is the computational ease in model fit and prediction compared to classical geostatistical methods. The main goal of this study has been to predict the occurrence of species with a relatively small number of data points, but the data was useful to show the power of this kind of process and the options of the model construction. To do so, instead of MCMC, we have used the novel integrated nested Laplace approximation approach. More precisely, we have applied the work of Lindgren et al. (2011) , which provides a link between Gaussian Fields and Gaussian Markov Random Fields through the Stochastic Partial Differential Equation (SPDE) approach. The SPDE approach can be easily implemented providing results in reasonable computing time (comparing with MCMC). We showed how SPDE is as useful tool in the analysis of species distribution. This modelling could be expanded to the spatiotemporal domain by incorporating an extra term for the temporal effect, using parametric or semiparametric constructions to reflect linear, non-linear, autoregressive or more complex behavior.
On the other hand, we have concluded some interesting points from an ecological perspective. Amphibians are easy species to model: due to their dependence to the water, most of the species live in freshwater aquatic ecosystems. The relationship between the amphibians and the water is stronger than the relationship with the ambient, probably because most of the amphibians use the water as ambient for the reproductive habits. At the same time, vegetation and environment are less important than the elevation (as a distance of the water surface). Wetlands are essential breeding habitats for many amphibian species. Pond-breeding amphibians require aquatic habitats for breeding, and embryonic and larval development, whereas terrestrial habitats are used for foraging and aestivation, and as migration and dispersal routes. Both aquatic and terrestrial habitats are used for hibernation. Hence, pondbreeding amphibians can be susceptible to changes in the availability and quality of both local-scale (aquatic habitats) and landscape-scale habitat characteristics (Piha et al. 2007 ). Currently, habitat loss is considered one of the greatest threats to the world's amphibian species, one-third of which are threatened (Stuart et al. 2004) . Pond-breeding amphibians may be particularly influenced by the loss and increased isolation of important habitat types caused by agricultural intensification in our case due to the water lost from the agricultural ponds.
We understand that extending this framework to situations characterised by environmental changes, there is the possibility to experience climatic changes between points. And this framework could benefit by the inclusion of meteorological variables. However, Las Tablas de Daimiel National Park has a really small extension with only one meteorological station (IGME 2017), so we have avoided the use of climatic features in order to not include estimated data into the model selection.
Also, we can see that hierarchical models are particularly useful when data are sparse or species are similar. In our case, Amphibia model has different relationship with the environmental variables than the individual species included in the class model.
As we have explained about the study area, the National Park is a water area of about 1600 ha. As we are working with amphibians that develop most of their cycle in water and also, as there is no way to introduce the distance to the water due to the variation in water level, we have introduced elevation as a proxy. We assume that elevation can be affected by spatial autocorrelation. However, all methods assume spatial stationarity, i.e. spatial autocorrelation does only depend on distance between point locations, and there are very few methods to deal with non-stationarity in this context (Osborne et al. 2007 ).
Finally, we can conclude that due to the low level of observations, CPO is more robust than WAIC due to the presence of influential observations. We conclude that SPDE and INLA are promising tools to work with species distribution model as they save in computational times and are easy to specify and to implement also for non-statisticians when we work with a large data set.
Summarising, R-INLA can be a complementary tool for ecologists. The major strength of R-INLA is that it allows to perform Bayesian inference, based on highly accurate approximations of posterior distributions, where models are specified using a syntax that should be familiar to R users, and where data are formatted in a straightforward way with relatively few lines of code. The straightforward model syntax and data format could help remove barriers to the adoption of N-mixture models for biologists. The substantial decrease in computation time should also facilitate the use of a wider variety of model and variable selection techniques (e.g. cross-validation and model averaging) that are not commonly used in an MCMC context due to practical issues related to computing time (Kery and Schaub 2011) .
Limitations of R-INLA are mostly related to the more restricted set of N-mixture models that can be specified. R-INLA does not handle site survey covariates, employs only Poisson-Binomial and Negative Binomial-Binomial mixtures, and handles random effects (exchangeable, spatially and temporally structured) for p only. In cases where site survey covariates are particularly significant and not otherwise controlled in the sampling design, R-INLA will not be the suitable tool (Meehan et al. 2017) .
